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Abstract— An essential capability for a robot designed to
interact with humans is to show attention to the people in its
surroundings. To enable a robot to involve multiple persons
into interaction requires the maintenance of an accurate belief
about the people in the envir onment. In this paper, we use a
probabilistic technique to update the knowledge of the robot
basedon sensoryinput. In this way, the robot is able to reason
about the uncertainty in its belief about peoplein the vicinity and
is able to shift its attention betweendiffer ent persons.Evenpeople
who are not the primary conversational partners are included
into the interaction. In practical experiments with a humanoid
robot, we demonstrate the effectivenessof our approach.

I . INTRODUCTION

Our goal is to develop a humanoidrobot that performs
intuitive multi-modalinteractionwith multiple personssimul-
taneously. One application in this context is an interactive
museumtour-guide.Comparedto previousmuseumtour-guide
projects[6, 19, 22, 24], which focusedon the autonomyof
the robots and did not emphasizethe interaction part that
much,we want to build a robot that behavesand acts like a
human.Over thelastfew years,humanoidrobotshavebecome
very popularas a researchtool. One goal of building robots
with human-like bodiesandbehavior is thatpeoplecaneasily
understandtheir gesturesandknow intuitively how to interact
with sucha system.

Much researchhasalreadybeenconductedin the areaof
non-verbal communicationbetweena robot and a human,
such as facial expression,eye-gaze,and gestures[2, 4, 5,
14, 23, 25]. Only little researchhasbeendonein the areaof
developing a robotic systemthat really behaves as a conver-
sationalpartnerand acts human-like when multiple persons
are involved. A prerequisitefor this task is that the robot
detectspeoplein its surroundings,keepstrack of them, and
remembersthemeven if they arecurrentlyoutsideits limited
�eld of view. In this paper, we presenta systemthatmakesuse
of visual perceptionand speechrecognitionto detect,track,
and involve people into interaction. In contrastto previous
approaches[13, 16, 21], our goal is that the robot interacts
with multiple personsanddoesnot focusits attentionon only
onesingleperson.It shouldalsonot simply look to theperson
who is currentlyspeaking.

Dependingon the input of the audio-visualsensors,our
robot shifts its attention betweendifferent people.Further-
more, we developed a strategy that makes the robot look

Fig. 1. A conversationof our robot Alpha with two people.As canbeseen,
the robot shifts its attentionfrom onepersonto theotherto includeboth into
the conversation.

at the personsto establishshort eye-contactand to signal
attentiveness.Eye movementsplay an important role during
a conversation(compareto Breazealet al. [3]). Vivid human-
like eye-movementsthat signal attentivenessto peoplemake
themfeel involved.Fig. 1 shows our robot Alpha shifting its
attentionfrom onepersonto the otherduring a conversation.

To detectpeoplein the environmentof our robot, we use
the data delivered by a pair of cameras.To keep track of
peopleover time,we maintaina probabilisticbelief andupdate
it basedon sensory input. First, we run a face detection
system to �nd faces in the current pair of images.Then,
we apply a mechanismto associatethe detectedfaces to
peoplealreadystoredin thebelief andupdatethoseaccording
to the observations.Since the �eld of view of the robot is
constrained,it movesthecamerasfrom time to time to explore
theenvironmentandto getnew informationaboutpeople.Our
approachmaintainsa probabilisticbelief aboutpeoplein the
surroundingsevenif they arecurrentlynot in the �eld of view
of the robot.

Thispaperis organizedasfollows.Thenext sectiongivesan
overview over relatedwork. SectionIII presentsthe hardware
of our robotandintroducesthebasicconceptsof our behavior
control architecture.In Section IV, we describe how we
detectand keeptrack of peopleusing vision information. In
Section V, we presentour speechprocessingand dialogue
system.In SectionVI, we describeour strategy on how to
determinethe gazedirection of the robot and how to decide
which persongets the attention.Finally, in SectionVII, we
show experimentalresults.



I I . RELATED WORK

Over the last few years,much researchhas beencarried
out in the areaof multi-modal interaction.Lang et al. [13]
presenteda systemthat combinesseveral sourcesof informa-
tion (laser, vision, andsounddata)to trackpeople.Sincetheir
sensor�eld of view is much larger than that of our robot,
they are not forced to make the robot execute observation
actions to get new information about surroundingpeople.
They apply an attention system in which only the person
who is currentlyspeakingis the personof interest.While the
robot is focusingon this person,it doesnot look to another
personto involve it into theconversation.Only if thespeaking
personstops talking for more than two seconds,the robot
will show attentionto anotherperson.Okunoet al. [21] also
apply audio-visualtracking and follow the strategy to focus
the attentionon the personwho is speaking.They apply two
different modes.In the �rst mode,the robot always turns to
a new speaker and in the secondmode, the robot keepsits
attentionexclusively ononeconversationalpartner. Thesystem
developedby Matsusakaet al. [16] is able to determinethe
onewho is beingaddressedto in theconversation.In contrast
to our applicationscenario(museumtour-guide),in which the
robotis assumedto bethemainspeakeror actively involvedin
a conversation,in their scenario,the robotactsasanobserver.
It looks at the personwho is speakingand decideswhen to
contribute to a conversationbetweentwo people.

The attentionsystempresentedby Breazealet al. [3] only
keepstrack of objectsthat are locatedin the �eld of view of
the cameras.In contrastto this, we keeptrack of peopleover
time and maintaina probabilisticbelief aboutdetectedfaces
even if they are currentlynot observable.Many vision-based
approachesexist that aim to reliably track a target in real-
time[7, 8, 17, 28]. However, thosetechniquesfocusonasingle
facethatis trackedanddonot intendto maintaina belief about
morethanonedetectedface.Like our approach,thetechnique
presentedby Fröba and Küblbeck [9] analyzesthe whole
imageto �nd all facesandusesa setof Kalman�lters to track
thefacesindependently. They applya greedynearestneighbor
assignmentto solvethedataassociationproblem.Furthermore,
their approachrequiresa sequenceof K positive observations
to initialize a tracker. In contrastto this, our work applies
a probabilistic update technique to compute the existence
probability of a face directly from the beginning and does
not distinguishbetweenan initialization anda trackingphase.
Additionally, we usea differentdataassociationtechnique.

I I I . THE DESIGN OF OUR ROBOT

The body (without the head)of our robot Alpha currently
has 21 degreesof freedom (six in each leg, three in each
arm,andthreein the trunk; seeleft imageof Fig. 2). Its total
heightis about155cm. Theskeletonof therobotis constructed
from carboncompositematerialsto achieve a low weight of
about30kg.

To performtheexperimentspresentedin this paper, we used
only the headof our robot which is depictedin Fig. 2 (right
image).The headconsistsof 16 degreesof freedomthat are

Fig. 2. The left imageshows the body of our robot Alpha. The imageon
the right depictsthe headof Alpha in a happy mood.

driven by servo motors. Three of these servos move two
camerasand allow a combined movement in the vertical
and an independentmovement in the horizontal direction.
Furthermore,threeservos constitutethe neck joint and move
the entire head,six servos animatethe mouth and four the
eyebrows.

Using such a design, we can control the neck and the
camerasto perform rapid saccades,which are quick jumps,
or slow, smoothpursuitmovements(to keepeye-contactwith
a user). Furthermore,we take into account the estimated
distanceto a target to compute eye vergencemovements.
Thesevergencemovementsensurethat the target maintains
in the centerof the �eld of view of both cameras.Thus, if a
target comescloser, we turn the eyes toward eachother. For
controlling the eye movements,we follow a similar approach
to the onepresentedby Breazealet al. [3].

The camerasare one of the main sensorsto obtain infor-
mation aboutthe surroundingsof the robot. Furthermore,we
usethe stereosignal of two microphonesto perform speech
recognitionaswell assoundsourcelocalization.

We animatethe mouth of the robot while it is speaking.
Basedon the ten servos for the mouth and the eyebrows, we
arealsoableto animatedifferentfacialexpressions.To enrich
human-robotinteractionandto expresshow therobotchanges
its mood,in thefuture,we planto applya techniqueto change
its facial expression.

For the behavior control of our robot, we usea framework
developedby Behnke and Rojas [1] that supportsa hierar-
chy of reactive behaviors. In this framework, behaviors are
arrangedin layersthat work on different time scales.

IV. DETECTING AND TRACKING PEOPLE

To sensepeoplein the environmentof our robot, we use
the datadeliveredby the two cameras.Our robot maintains
a probabilisticbelief aboutpeoplein its surroundingsto deal
with multiple personsappropriately. To �nd people,we �rst
run a face detector in the current pair of images. Then,
we apply a mechanismto associatethe detectionsto faces
alreadystoredin the belief and updateit accordingto these
observations.

Our facedetectionsystemis basedon the AdaBoostalgo-
rithm and usesa boostedcascadeof Haar-like features[15].
Eachfeatureis computedby the sum of all pixels in rectan-
gular regions which can be computedvery ef�ciently using



integral images.The idea is to detect the relative darkness
betweendifferent regions like, for example,the region of the
eyes and the cheeks.Originally, this idea was developedby
Viola andJones[27] to reliably detectfaceswithout requiring
a skin color model. This methodworks quickly and yields
high detectionrates.However, since false classi�cationsare
possible,we apply a probabilistic techniqueto deal with the
uncertaintyin the detectionprocess.

Maintaininga belief aboutfacesin the surroundingsof the
robot over time is similar to the map building problemwith
noisy sensorsin mobile robotics.A classicalway to update
a belief upon sensoryinput is to apply a recursive Bayesian
schemelike the one proposedby Moravec and Elfes [18].
In our case,this updateschemedeterminesthe probability of
the existenceof a face(i.e. of a person)given a sequenceof
positive and/ornegative observations:

P(f j z1:t ) =
�
1 +

1 � P(f j zt )
P(f j zt )

�
P(f )

1 � P(f )
�

1 � P(f j z1:t � 1)
P(f j z1:t � 1)

� � 1

(1)

Here f denotesthe existenceof a face, zt is the observa-
tion (facedetected/notdetected)at time t, and z1:t refers to
the observation sequenceup to time t.

As typically assumedin mobile robot mapbuilding, we set
theprior probability (hereP(f )) to 0.5.Therefore,thesecond
termin theproductin Eq. (1) becomes1 andcanbeneglected.
Further values that have to be speci�ed are the probability
P(f j z = det) that a faceexists if it is detectedin the image
and the probability P(f j z = : det) that a faceexists if it is
not detected.In our experiments,it turnedout that adequate
valuesfor thoseparametersare0.9and0.2,respectively. Using
the updaterule in Eq. (1), the probability of the existence
of a face is increasedif positive observations occur and is
decreasedotherwise.

To track the positionof a faceover time, we usea Kalman
�lter [11]. Applying sucha �lter leadsto a smoothingof the
estimatedtrajectories.Eachfaceis tracked independently, and
its statevectorcontainsthepositionandthevelocities.Before
we canupdatethe Kalman �lters and the probabilitiesof the
facesusing observations,we must �rst solve the data asso-
ciation problem, i.e., we must determinewhich observation
correspondsto which faceof our belief andwhich observation
belongs to a new face. Since we currently do not have a
mechanismto identify people,we use a distance-basedcost
functionandapplytheHungarianmethod[12] to determinethe
mappingfrom observationsto faces.The Hungarianmethod
is a generalmethodto determinethe optimal assignmentof
jobs to machinesusing a given cost function in the context
of job-shopschedulingproblems.In our case,the Hungarian
method computesthe optimal assignmentof detectedfaces
in the current cameraimages to faces already existing in
the belief, given a cost function that takes into accountthe
distancesbetweennew observationsand existing faces.Note
thatthecostfunctionwithin theHungarianmethodcanalsobe
usedto integratea similarity measurebetweendifferentfaces.

Fig. 3. Tracking threefaceswith independentKalman �lters. To solve the
dataassociationproblemwe apply the Hungarianmethod.

To account for the fact that an observation can belong
to a face not stored in the belief so far, we add “dummy
faces” to the input of the Hungarianmethod.Thesedummy
facesimply high costsand are thereforeonly chosenif an
observation cannotbe assignedto an alreadyexisting facein
the belief. If we have an observation that is assignedto a
dummy face,we initialize a new Kalman �lter to track the
correspondingface.The updateformula in Eq. (1) is usedto
computethe probability whenever an observation occurs.If
the probability of a facedropsbelow a certainthreshold,the
correspondingKalman �lter is deleted.Either the face was
a falsepositive detection,or the personcorrespondingto the
facemoved away. To reducethe probability of falsepositive
detections,we run the facedetectorin both images.The data
associationbetweenfacesin both imagesis alsosolved using
the Hungarianmethod.

In our experiments,we found out that our methodworks
reliably in sparselypopulatedenvironments.However, it may
fail in crowded situations,also due to the lack of a face
recognitionsystem.Fig. 3 shows threesnapshotsduring face
tracking using independentKalman �lters and applying the
Hungarianmethodto solve the dataassociationproblem.As
indicatedby thedifferentlycoloredboxes,all facesaretracked
correctly.

Since the �eld of view of our robot is constraineddue to
the openingangleof the cameras,we alsohave to keeptrack
of peoplewhosefacescannotcurrentlybe observed. In these
cases,we setthevelocitiesin thestatevectorto zerosincewe
do not know how peoplemove whenthey areoutsidethe�eld
view. To computethecorrespondingprobabilitiesof thepeople
outsidethe �eld of view, we also usethe updateformula in
Eq. (1). In this case,we set P(f j z) in that equationto a
valuecloseto 0.5. This modelsthe fact that the probabilities
of peoplewho are assumedto be in the vicinity of the robot
but outsideits �eld of view decreaseonly slowly over time.
As explained in SectionVI, the robot changesits gazeinto
the directionof a personto checkwhetherit canbe detected
whenever its uncertaintyexceedsa certainthreshold.

V. SPEECH PROCESSING AND DIALOGUE MANAGEMENT

For speechrecognition, we currently use a commercial
software [20]. This recognitionsoftware has the advantages
that it is speaker independentand yields high recognition
rateseven in noisy environments,which is essentialfor the
environmentsin which we deploy therobot.Thedisadvantage,
however, is thatnosentencegrammarcanbespeci�ed.Instead,
a whole list of keywords/phrasesthat should be recognized
needsto be de�ned. For speechsynthesis,we use a freely
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Fig. 4. The �nite statemachinethat modelstypical dialoguesbetweenour
robotwhosetaskis to actasamuseumtour-guideandvisitors.Statetransitions
occur when an utteranceis correctly recognizedor when no utteranceis
recognizedafter a certainperiodof time.

availablesystem[26] that generatessynthesizedspeechbased
on stringsonline.

Our dialoguesystemis realizedas a �nite statemachine.
Statetransitionsin this automatonoccur when an utterance
is correctly recognized,or when no utteranceis recognized
after a certain period of time. With each state, a different
list of keywords/phrasesis associated.This list is sentto the
speechrecognitionsystemwhenever thestateof theautomaton
changes.Fig. 4 depictsthe basicstructureof the �nite state
machineof our dialoguesystemfor the situationin which the
robot actsas a museumtour-guide. During sucha task, this
automatonmodelstypicaldialogueswith visitorsin amuseum.

Initially, the system is in the state “small talk”. In this
state, the robot tries to attract visitors and to involve them
into a conversation that consists of simple questionsand
answers.Whenever a usershows interestin exhibits, the robot
changesits internal stateand explains the exhibits. Possible
coursesof dialoguescanbededucedfrom Fig. 4. For different
taskscarriedout by the robot, we apply different �nite state
machinesto modela dialogue.

We alsoimplementeda techniquefor soundsourcelocaliza-
tion. We applytheCross-Power SpectrumPhaseAnalysis[10]
to calculatethespectralcorrelationmeasureClr (t; � ) between
the left and the right microphonechannel:

Clr (t; � ) = F T � 1
bSl (t; w) bS�

r (t; w)

j bSl (t; w)jj bSr (t; w)j
: (2)

Here bSl (t; w) and bSr (t; w) are the short-termpower spectra
of the left and right channeland bS�

r (t; w) is the complex
conjugate.bSl (t; w) and bSr (t; w) arecomputedthroughFourier
transforms,applied to windowed segmentscenteredaround
time t. F T � 1 denotesthe inverseFourier transform.

Assumingonly a single soundsource,the argument� that
maximizesClr (t; � ) yieldsthedelay� betweentheleft andthe
right channel.Once� is determined,therelativeanglebetween
the speaker and the microphonescan be calculatedunder
two assumptions[13]: 1. The speaker and the microphones
are at the sameheight, and 2. the distanceof the speaker
to the microphonesis larger than the distancebetweenthe
microphonesthemselves.In the experiments,we demonstrate
thatthis techniqueallowsanaccuratelocalizationof a speaker.

This informationcanthenbe usedfor exampleto align the
microphoneswith the speaker, to apply beam-forming,or to
shift the attentionof the robot to the speaker.

VI . GAZE DIRECTION AND FOCUS OF ATTENTION

As explainedso far, our robot maintainsa belief aboutthe
positionsof facesas well as the correspondingprobabilities.
Additionally, it computesfor eachpersonan importancevalue
that currently dependson the distanceof the personto the
robot (estimatedusing the size of the bounding box of its
face) and on its position relative to the front of the robot.
Peoplewho standdirectly in front of the robot have a high
importance.The sameappliesto peoplewho arecloseto the
robot. The resulting importancevalue is a weightedsum of
thosefactors.

The behavior systemcontrolsthe robot in sucha way that
it focusesits attention on the personwho has the highest
importance.Thus, the robot follows the movementsof the
correspondingface and looks the user in the eyes. If at
somepoint in time anotherpersonis consideredto be more
important than the previously most importantone, the robot
shifts its attentionto the otherperson.

Note that one can also consider further information to
determinethe importanceof a person.For example,we plan
to useour soundsourcelocalizationsystemin this context. As
a result, our robot shows human-like behavior sincehumans
usually focus their attention to people standingin front of
them,to peoplewho comevery close,or to peoplewho speak
to them.

Since the �eld of view of the robot is constrained,it is
importantthat thecamerasmove from time to time to explore
the environment to updateits belief aboutpeoplewhich are
currently not in the �eld of view. Thus, we additionally
implementeda behavior that forces the robot to regularly
changeits gazedirectionandto look in the directionof other
detectedfaces,not only to themostimportantone.Our ideais
that the robotshows interestin multiple personsin its vicinity
so that they feel involved into the conversation.Like humans,
our robot doesnot stareat one conversationalpartnerall the
time.

Furthermore,if the robot getstoo uncertainaboutwhether
or not a personwho is outsidethe �eld of view is still there,it
shouldlook aroundto reduceits uncertainty. The uncertainty
of a belief canbe determinedby the entropy. The entropy H
of a discreteposteriorp(x) is computedby

H (p(x)) = �
X

x i

p(x i ) � logp(x i ): (3)

Here x i are the possiblevaluesof a discretebelief. In our
case,Eq. (3) simpli�es to

H (p(f )) = � p(f ) logp(f ) � (1 � p(f )) log(1 � p(f )) : (4)

The entropy of a posterioris maximumin caseof a uniform
distribution, andis zeroin casethe robot is absolutelycertain
about the existenceof a face.As soon as the entropy in its
belief about a personexceedsa certain threshold,the robot
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Fig. 5. Evolution of the probabilitiesof two people.While the robot is
interactingwith person1, it also shows interestin person2 by establishing
shorteye-contactandupdatesits belief at time steps22, 32, 40, and52. Note
that person2 is outsidethe �eld of view while the robot is concentratingon
person1.

considersto perform an observation action and to look to
the predictedpositionof the correspondingfaceto reducethe
uncertainty.

VI I . EXPERIMENTAL RESULTS

In order to evaluate our approachto control the gaze
direction of the robot and to determinethe personwho gets
thefocusof its attention,we performedseveralexperimentsin
our laboratory. Furthermore,we presentexperimentalresults
demonstratingtheaccuracy of our speaker localizationsystem.
Besidesthe experimentspresentedin this section,we provide
videosof our robot Alpha on our webpage1.

All experiments were performed on a Pentium IV
with 2:8GHz. Using a cameraresolutionof 320� 240pixels,
the face detectionalgorithm detectsfaces in a distanceof
approximately30 � 200cm. To speedup the computationof
the imageprocessing,we searchthe whole imagesfor faces
only twice in a second.In the time between,we only consider
regionsin the images.The sizesandlocationsof thesesearch
windows are determinedbasedon the predictedstatesof the
correspondingKalman �lters. Dependingon the sizesof the
extractedsearchwindows, we operateat a rateof 15� 25Hz.

A. SignalingAttentiveness

The �rst experimentwas designedto demonstratehow the
robot establishesshort eye-contactto a person in order to
signalattentiveness.The evolution of the probabilitiesof two
peopleover time is depictedin Fig. 5. Whentherobotdetected
person1 at time step4, it startedto interactwith it. After a
gazeto explore theenvironmentandto not stareinto the eyes
of person1 all the time, the robot detectedperson2 (time
step22). Sinceperson2 had a lower importancevalue than
person1, the robot continuedits conversationwith person1.
Thus, the probability of person2 decreasedin the following
time stepssinceit wasoutsidethe robot's �eld of view again.
However, to involve person2 into the conversationas well
the robot regularly looked to person2 and establishedshort
eye-contact.As can be seenfrom Fig. 5, at time steps32,
40, and 52 the robot looked to person2 and also updated
its belief correctly. Note that we do not evaluatethe camera
imagesduring the rapid saccadesto avoid false positive or
negative detections.During a saccade,the belief therefore
staysconstantfor a shortperiodof time.

1http://www.nimbro.net/media.html
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Fig. 6. Evolution of the probabilitiesof two people(left image) and the
correspondingimportancevalues(right image).In the beginning, the robot is
interactingwith person1. At time step22, after an exploring gaze,the robot
detectsperson2, which was outsideits �eld of view before.Sinceperson2
hasa lower importance,the robot continuesconcentratingon person1. Thus,
person2 is outsideits �eld of view again.After looking to person2 at time
step40, the robotshifts its attentionto this personsincetherobotnoticedthat
it hadcomevery closeand is now consideredasmore important.When the
robot looks back to person1 (time step53), the personcannotbe detected
anymoreand the robot updatesits belief accordingly.

B. ShiftingAttention

The following experimentwas designedto show how the
robot shifts its attention from one person to another if it
considersthesecondoneto bemoreimportant.Theleft image
of Fig. 6 shows the evolution of the probabilities of two
peopleduringthis experiment.In thebeginning,the robotwas
interactingwith person1. At time step22, therobotperformed
an exploring gaze.As can be seenfrom the �gure, the robot
detectedthe faceof person2, which was outsideits �eld of
view before.Since person1 had a much higher importance
value(it wascloser;seethe right imageof Fig. 6), the robot
continuedits dialoguewith person1. During the following
time steps,the probability of person2 decreasedbecauseit
was not in the �eld of view of the robot anymore.However,
therobotkeptperson2 in its belief. At time step40, the robot
decidedto look to person2 to reduceits uncertaintyabout
the presenceof this person.The robot detectedperson2 and
noticedthat it tried to attractthe robot's attentionby coming
much closer. As a result, person2 got a higher importance
value than person 1 and the robot shifted its attention to
person 2. At the same time, the probability of person 1
decreasedsinceit wasnot in the�eld of view anymore.At time
step53, therobot lookedbackinto thedirectionof person1 to
seewhetherit was still there.However, the personhad gone
andthe robot updatedits belief accordingly.

C. Speaker Localization

In the last experiment,we demonstratedthe accuracy of
our speaker localization.We calculatedthe short-termpower
spectraof the left and right microphonechannelwithin a
42:57ms window of a signal at 48kHz and performedfor
differentangles50 localizations.The groundtruth versusthe
estimatedangle is plotted in Fig. 7. The error bars indicate
the 0.95 con�denceinterval. As canbe seen,the localization
of the speaker in the vicinity of the robot is quite accurate.

VI I I . CONCLUSIONS

In this paper, we presentedan approachto enablea hu-
manoid robot to conversewith multiple persons.We use a
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Fig. 7. Groundtruth andestimatedangleof a speaker (standingin a distance
of 1 m) determinedwith our soundsourcelocalizationtechnique.

probabilistic techniqueto update a belief about people in
its surroundingsbasedon vision data. The robot is able to
maintainestimationsaboutthepositionsof peopleevenif they
aretemporarilyoutsideits �eld of view. On theonehand,this
techniqueenablesthe robot to move its camerasto actively
searchfor peopleassoonas the uncertaintyin its belief gets
too high. On theotherhand,we canapplyan intelligent strat-
egy to changethefocusof attention,andin this waycanattract
multiple personsand involve them into a conversation.As a
result,we obtaina human-like interactionbehavior thatshows
attentivenessto multiple persons.In practical experiments,
we demonstratedour techniqueto reliably updatethe belief
of our robot and to control its gazedirection. Additionally,
we evaluatedour speaker localization systemwhich will be
integratedinto our attentionsystemaswell.

In the nearfuture,we will combinethe headandthe body,
in order to enablethe robot to perform human-like gestures
andmovements.Furthermore,we will presentthe robot to the
public soonto seehow peopleinteractwith thesystemandto
get new insightson how to improve the system.
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